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Disulfide bonds occur in proteins when the sulfhydryl groups of cysteine residues become oxidized), forming a covalent bond derived from the coupling of thiol groups (S-H + S-H → S-S + 2H). As a result, residues that may be far removed from one another in the primary structure of the protein may in fact be physically cross-linked. Therefore, knowledge of the location of these bonds significantly contributes to our understanding of the protein's tertiary structure and function. For example, Angata el al. [1] has shown that the disulfide bond structures of ST8Sia IV are necessary for its polysialyation activity.
Various computational methods have also been developed to predict disulfide bonds based on the location of the cysteine residues in the protein's primary structure. The prediction accuracies of these methods are limited to ~60%. More fundamentally, Vullo et al. [2] showed that any prediction algorithm is computationally limited to proteins with only a few disulfide bonds. Ultimately, purely predictive methods must be complemented by an experimental methodology.
A promising approach is to apply mass spectrometric methodologies (MS) to determine disulfide bond structures [3] . Currently, MS-based approaches are widely used to solve protein identification problems, offering high throughput when used in conjunction with efficient data analysis algorithms. In the MS2DB project, we present algorithms for the mining and identification of disulfide bonds in proteins utilizing data obtained from liquid chromatography electrospray ionization tandem mass spectrometry (LC/ESI-MS/MS) experiments. As discussed in [7] , this methodology yields highly specific structural fragments derived from the disulfide bonded pair of peptides. In [8] , we describe how a tandem mass spectrum (MS/MS) of these fragments is utilized to confirm an initial identification of a disulfide bond. In this paper, our challenge is to develop algorithms that can accurately and efficiently process the MS data for an entire protein to make these initial identifications of its disulfide bond structures.
Computational Formulation
Let A denote the set of amino acid residues, each with mass m(a), a ∈ A. A peptide p = {a i } is a string of amino acids with mass m(p) = ∑m(a i ) + 18 Daltons. The 18 Da. is included in this formula to account for the masses of H and OH of the the N-and Ctermini of the peptide, respectively. A disulfide bonded peptide P 12 is a pair of peptides p 1 and p 2 , with mass m(P 12 ) = m(p 1 ) + m(p 2 ) -2m(H). For there to be a disulfide bond between p 1 and p 2 , each peptide must contain at least one cysteine. Thus if C = {c i } denotes the set of all cysteine-containing peptides and P = {p i } denotes the set of all peptides, then C ⊆ P. In practice, it is very rare that C = P.
The disulfide bond mass space D = {d i } of a protein is the set of every possible pair of cysteine-containing peptides. A mass spectrum S = {s j } is the set of numbers obtained from a mass spectroscopy experiment that represent the masses of peptides, as well as chemical noise. The match M = {m ij } between D and S occurs between d i and s j when |d is j | < m t , where m t is defined as the mass tolerance, the ± amount of experimental uncertainty that s j is allowed to have to determine the match. Each m ij is then considered an identified disulfide bond. The MS disulfide bond identification problem can then be formulated as follows: given a mass space D and a spectrum S, find the set of matches M = {m ij }.
Algorithmic solution
The construction of the mass space requires O(k 2 ) time for one protein, where k is the number of sites at which the protein can be cleaved with a certain protease. This is because the k proteolytic amino acids divide the protein A into k+1 subsequences, leading to k(k+1)/2 unique pairs of subsequences that can be formed. For the case of disulfide bonds, we are concerned with forming unique pairs of subsequences from C as opposed to P. Because C ⊂ P for almost all proteins and proteases, the disulfide bond mass space D is likely to be smaller than the mass space obtained from P. We generated D and P for the three proteins listed in Table 1 , and found that the average reduction is mass space was 86%.
The quadratic time complexity can be further reduced if the data structure used to construct and search D did not require computing the mass of every member of D. Only in the final search phase would our algorithm compute the masses of the possible disulfide bonded peptides that are expected to be close in value S. This can be done by use of the expected amino acid mass, as defined below:
Using this definition, we can predict that the mass of a peptide m(p) ≈ ||p|| m e + 18, where ||p|| represents the number of amino acids contained in the peptide. The additional 18 Da. was explained in Section 2. Statistically, this is justified to a first approximation because the weighted standard deviation, again using the data in [9] , is 28.86 Da. This observation leads to a second observation, that ||d i || can be used to construct D in such a way that it is approximately mass sorted. This is the motivation for exploring the use of a hash table to construct and search D.
Analysis of hashing based disulfide bond identification algorithm
The hash table is a well known data structure for efficient searching of a data space [10] . If the hash function employed satisfies the assumption of simple uniform hashing, then the expected time to search for an element is O (1) . Simple uniform hashing means that, given a hash table T, with ||T|| buckets, any data element d i is equally likely to hash into any bucket, independently of where any other element has hashed to. Using the predicted mass of a peptide described in the previous section, we implement the simple hashing function h(||d i ||) = ||d i || as a first approximation.
To explore the efficacy of this choice of hashing function, we make the following definition:
For the Mouse Core 2 1,6-N-Acetyl glucosaminyltransferase I protein (hereafter referred to as "C2GnT-I") with 11 cysteines, the size of the disulfide bond mass space ||D|| = 55 (||c||(||c||-1)/2, where c is the number of cysteine residues). Each possible disulfide bonded peptide pair d i is then placed into a bucket based on the simple hashing function described above. Then a simulated mass spectrum is generated by computing the mass of all 55 pairs, and dividing each by m e to obtain 55 e i to query the hash table.
Our results show that 23 of the 55 e i index immediately into the correct bucket. The other 32 queries require a search of neighboring buckets. The farthest search to find its match is V = 3 buckets. We believe that this justifies the use of the simple hashing function h(||d i ||) = ||d i ||, to a first approximation.
Consideration of missed cleavages and intramolecular bonded cysteines
In the laboratory, a protease used to digest a protein will sometimes miss a cleavage point. For example, a protein with sequence NRDKTA should be digested by trypsin into three peptides: NR, DK, and TA. However, if one cleavage point is missed, two peptides are created: either NRDK and TA, or NR and DKTA. Our software models this behavior by including the parameter m max , the maximum number of missed cleavages allowed.
It can be inferred by induction that a protein with k cleavage sites and a m max = m will digest into (m + 1)k unique peptides, assuming k >> m. Note that m max includes all smaller values of missed cleavage levels, e.g., m max = 2 includes m = 1 and m = 0 as well. If m max is small (e.g., three or smaller), missed cleavages can be considered to be a constant multiplicative factor in our time complexity analysis as described earlier.
Since the proteolytic digestion process produces peptides that contain two or more cysteine residues, there is the possibility that intramolecular bonds may occur, i.e. disulfide bonds exist within a single peptide. These peptides must be included into D, with mass m(p) = ∑m(a i ) -2, if at most one disulfide bond per peptide is considered. As discussed in [8] , if a peptide contains more than two cysteine residues, the precise determination of the linkage pattern is not possible, requiring further laboratory analysis to correct this condition. The impact on time complexity is simply the larger mass space D, which can be modeled as an additive factor, f(||P||, ||C||, m max ).
The algorithms
The complete algorithms to create the mass space, called Generate-D, as well as the hashing based algorithm MSHashID to search this space, is listed in this section. We also perform a time complexity analysis for each algorithm. Our overall result indicates a DEFINITION 2. Expected Number of Amino Acids, e. Given a mass spectrum value s i , the expected number of amino acids e i = s i / m e , rounded to the nearest integer. Step 6, can be approximated by a constant if V is small, which is the case when h() is a good fit to the data. The innermost loop, Step 8, is computed for only the values t i in the bucket. If h() is a good fit to the data, this can also be approximated by a constant. Thus, MSHashID executes in O(||D|| + ||S||) time.
Implementation of the Generate-D and Hash-D algorithms
Our implementation of MSHashID accepts the input of the protein's sequence information in FASTA format, followed by the protease used to digest the protein. Our software models the action of the proteases trypsin (T) and chymotrypsin (C), endoproteinase Glu-C (G), as well as both trypsin and chymotrypsin (TC) together. This is followed by the maximum number of missed cleavages m max allowed. The next number is the value for the mass tolerance, m t . Finally, the number of spectrum masses followed by the spectrum mass values is input. All mass values are entered in units of Daltons. The program displays a list of cysteine pairs (each labeled by its position in the primary structure, as in [12] ) that are identified as being in a disulfide bond. Else, j j + 1. 12 If j = V, output "no match". Table 1 summarizes the results of validating MSHashID program against data from three proteins, with varying numbers of cysteines and disulfide bonds. We obtained the primary sequences from the Swiss-Prot database [13] , and the MS masses are computed from the spectra that are shown in the referenced figures. We first note the absence of false negatives (i.e. no missed bond identifications) in these results. A false positive is generated when MSHashID outputs a cysteine pair that doesn't match the identification made in the reference. Two false positives were generated for the C2GnT-I Fig. 9 data because the combination of both proteases and c max = 3 created a relatively large, finegrained mass space. For each experiment, the size of each disulfide bond mass space, ||D||, is also listed. 
Experimental results

Conclusion
While many computational treatments of the problem of identifying and characterizing protein have utilized the fact that each amino acid has a known mass, this paper is to our knowledge the first to utilize the fact that the average value of an amino acid mass can be used to mine for information in a proteomics mass space. Encapsulating this into our definition of the Expected Amino Acid Mass, and employing a hash table data structure to store and retrieve matches from the space of possible mass combinations, we arrive at an algorithm, MSHashID, which efficiently solves the MS disulfide bond identification problem. Together with the MS/MS data analysis program IndexID, the MS2DB package enables highly accurate, high throughput identification of disulfide linkage patterns in proteins. The implementation of MSHashID will soon be included in publicly available version of MS2DB at http://tintin.sfsu.edu:33191/ms2db/.
